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Abstrag-Single-pass VDD pacemakers have been used as a
result of simple implantation procedures and generally
reliable atrial tracking. However, there is a controversy
over their reliabilities of atrial tracking. As a new sensing
method for reliable atrial tracking, a smple automatic
pacemaker sensing algorithm was implemented and
evaluated to validate its benefits in sensing depolarization
waves of singlepass VDD atrial electrograms. The
automatic sensing algorithm had a predeter mined sensing
dynamic range and the sensitivity level was controlled as
50 % of the average of two most recently sensed intrinsic
amplitudes. The behavior of the automatic sensing
algorithm in the single-pass VDD atrial electrograms was
analyzed and characterized. It was observed that the
automatic sensing algorithm was more effective than a
conventional fixed threshold method to accurately detect

and track p-wavesin SVDD dectrograms.
Keywords - Automatic sensing algorithm, pacemakers, single
pass VDD, electrogram

I. INTRODUCTION

Single-pass VDD (SVDD) pacemaker systems have been
used as a result of simple implantation procedures and
generally reliable atrial tracking[1-2]. However, since in the
single lead electrode the atrial sensing poles are floating, the
signal amplitude may vary considerably. An optimal
sensitivity level can not be determined using amplitude
measurements of acute atrial electrograms because of the
significant amplitude variations [3-4]. Individua patients
may experience serious P-wave undersensing that may
require sensing sensitivity reprogramming or may cause
asynchronous pacing

There are several studies that suggest a highest sensitivity
for Pwave sensing to compensate the amplitude variation,
while there are contradictory studies that concern possible
oversenang problems by the highest sensitivities[5-7].

In this study, asensing method that adapts its sensitivity
level to previous intrinsic amplitude variations an automatic
sensing agorithm, is implemented and evaluated to validate
its benefits in atrial electrograms from SVDD leads. The
automatic sensing algorithm had been developed for sensing
of automatic implantable cardioverter defibrillator (AICD or
ICD), and has been adopted by pacemakers recently [8-9]. It
is expected that the automatic sensing agorithm in
pacemakers will improve the sensing performance and
remove the human intervention for choosing an optimal
sengtivity level.

The purpose of this study is to characterize the behavior
of an automatic sensing agorithm during SVDD Pwave

sensing and compare its sensing performance to that of a
convertiona fixed sengitivity method.

Il. METHODOLOGY

A simple automatic sensing algorithm was applied to 9
patients SVDD atrial electrograms obtained by Phymos™
830s lead (Medico), during severa different body postures,
deep respiration, and walking. The algorithm had a pre-
determined sensing dynamic range of 0.25 - 2.25 mV and
controlled the sensitivity level besat by beat as 50% of the
average of two most recently sensed intrinsic amplitudes, as
showninFgure 1.

ST=50%x(B+C)/2

T=50%X(A+B)/2

Hgure 1. A ample autometic sengng agorithm.

In the figure, the sensitivity level (ST) after the second
beat (B) of arectified atrial electrogram, is calculated as 50%
of the average of beats A and B. The behavior of the
automatic sensing algorithm during SVDD P-wave sensing
was characterized, and the sensing performance was
compared to thet of aconventiond fixed sengtivity method.

Epochs (1-3 min.) containing the largest amount of
amplitude variation and noise level were chosen from each
eectrogram and were applied to the automatic sensing
algorithm. The dgorithm was implemented on the epochs of
dectrograms by computer Smulation.

Table 1 summarizes the pwave amplitude characteristic
of the 9 epochs. The signa amplitudes differ largely,
depending on individual patient, and each patient also shows
acondderable anplitude variaion.

Table 1. The amplitude variation of SVDD e ectrograms used
for dgorithm smulation.

Ptl Pt2 Pt3 Pt4 Pt5 Pt6 Pt7 Pt8 Pt9| All

Mean 0.33 0.62 0.68 0.52| 0.45 1.86/ 4.55 1.06
SD |0.11 0.10 0.10 0.12 0.15 0.50 0.87 0.14
Max. | 0.64 0.78 0.80 0.78/ 0.79 3.10/ 6.02 1.58
Min. | 0.11) 0.46 0.45 0.26/ 0.18 1.12 2.86 0.78

158 1.29
0.48 1.25
3.12 6.02
0.69 0.11
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Finally, the numbers of oversensed (falsepositive) and
undersensed (falsenegative) beats by a conventiona fixed
sensitivity method at 0.25mV and the automatic sensing
agorithm were compared.

I1I.RESULTS

The automatic sensing algorithm set the sensitivity level
(ST) properly ketween pwave and noise in al 9 patients
without any human intervention In Figure 2, the result of the
automatic sensing agorithm was compared to that of the
fixed sengtivity method. The algorithm reduced the
malsensed beats by 46% in total, compared to the fixed
sensitivity method. The oversensed beats by the fixed
sensitivity method and the automatic sensing method were
39% and 0.5%, undersensed beats 4.7% and 3.0%,
respectively. The reduction of oversensed beats was achieved
in patients 5 and 7, while there was no difference by both
methods in the remaining 7 patients. The reduction of
undersensed bests was achieved in patients 1, 5, and 7, while
there was no difference in the remaining patients. Not even
one case was found that the fixed sensitivity method
outperfornmed the automatic sensing method.
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Figure 2. The percentages of malsensed beats by a fixed
sensitivity method and the automatic sensing method.

IV. DISCUSSION AND CONCLUSION

Example of the behavior of automatic sensing agorithm
isshown in Figure 3. Theupper fluctuation shows the p-wave
amplitude variation and the lower fluctuation shows the
corresponding noise level. The agorithm sets the sensitivity
level (middle fluctuation) properly between p-waves and
noises. When p-wave amplitude becomes low, the automatic
sensing agorithm chooses a higher sensitivity level. At worst
case, the agorithm sets the sensitivity level a maximum
sensitivity that is the same level as in the fixed sensitivity
method, providing the same noise immunity. However, when
theintrinsic amplitude becomes higher, the automatic sensing
algorithm sets the sensitivity level higher, providing more
noise immunity compared tothe fixed sendtivity method.

The automatic sensing algorithm behaved to reduce the
duration duringwhich thesystem operated at high sensiti-
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Hgure 3. Thebehavior of automatic senang dgorithm.

vities by increasing sensitivity only when necessary. This
explains how the automatic sensing agorithm has reduced
themasensed begts, particularly oversensed bets.

Since an atrial amplitude of SVDD electrogram varies
significantly and an optimal fixed sensitivity level is hardly
obtainable by a couple of amplitude measurements during
follow-ups, the automatic sensing algorithm is more effective
than a conventional fixed threshold method to accurately
detect and track pwaves in SVDD electrograms. To avoid
detection of noise in an electrogram with a low signal to
noise ratio, it is recommended that an automatic sensing
agorithmhave anoiseleve monitoring capability.

Automatic sensing algorithms are expected to increase
pacemaker system ease of use by diminating the need to
meesure Pwave amplitudes during routine follow-ups.
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